ABSTRACT: Beef cattle research commonly uses Yield grade (YG) and Quality grade (QG) as outcomes in nutrition and health experiments. These outcomes, as commonly reported and analyzed, are ordinal variables with an assumed rank derived from an underlying latent variable that may or may not be available for analysis. The objective of this study was to employ mixed-effects ordinal regression and approaches previously reported in animal science and veterinary literature such as contingency table analysis, mixedeffects linear regression, and mixed-effects logistic regression for the analysis of YG and QG data and to compare results with respect to statistical significance and estimated statistical power. Five randomized complete block design experiments were used for initial evaluation. Simulated data sets were used for evaluation of relative differences in statistical power. Scenarios were observed where all of the methods differed in estimate of effect and statistical significance. Power to detect an association was similar between studies under the scenario evaluated. Ordinal regression approaches provide an estimate of effect that can be used in subsequent prediction of performance, which is an advantage over contingency table approaches that only report statistical significance. Further, ordinal models do not require modification of the outcome variable as in logistic regression or assumptions regarding YG or QG distribution in linear regression, which are often not met. Researchers faced with analysis of YG and QG data should consider the use of ordinal regression, particularly with recent advances in statistical software packages capable of implementing this method for data within hierarchical models.
INTRODUCTION
Research outcomes in beef cattle nutrition and health research often include variables derived from carcass data. Commonly selected carcass characteristics including marbling score, HCW, 12th-rib fat, and LM area are used to derive USDA Quality grade (QG) and USDA Yield grade (YG) as summary measures of carcass traits using USDA established formulas. These summary measures are important outcomes to consider when evaluating the effects of a dietary modification or health intervention because of their relationship with carcass economic value.
Quality grade and YG are ordinal outcomes with an assumed order or rank. Observed grades are derived from an underlying latent variable with thresholds used to define the resulting ordinal variable. In this context, the latent variable describing YG would be the sum of YG = 2.5 + (2.5 × BF adjusted ) + (0.2 × KPH fat ) + (0.0038 × HCW) − (0.32 × LM area ), [1] and the ordinal YG would be obtained by rounding the result of this equation down to the nearest integer. For QG, the latent variable would be the marbling score, and the thresholds used to define the ordinal QG are determined by maturity. Of note is that the latent variable that defines these distributions may be unknown depending on availability of component data. A variety of statistical methods have been used for analyzing QG and YG data including comparison of means (e.g., Neel et al., 2007) , tests of homogeneity using χ 2 distributions (e.g., Schunicht et al., 2007) , and dichotomizing results at a given cutoff for application of logistic regression (e.g., Wilson et al., 2008) . There are several limitations to these approaches that may affect the interpretation of experimental outcomes. For example, comparing the proportion of carcasses with YG 3 between treatment groups ignores the ordinal structure of the data and assumes that all carcasses that are not YG 3 are equal with respect to the treatment effect despite the fact that carcasses may have had greater or lesser YG scores. In addition, performing separate analyses for dichotomies at each category of the ordinal variable (e.g., logistic regression where outcomes are defined as YG 1 vs. other, YG 2 vs. other, YG 3 vs. other) may increase experiment-wise type I error and does not yield a summary estimate of effect. Alternative approaches that explicitly consider the ordinal structure of these outcomes and derive an estimate of the probability that a combination of treatment and animal-specific effects will result in a given grade would be preferable. The objective of this study is to illustrate the application of statistical approaches specific for ordinal data in beef cattle research.
MATERIALS AND METHODS
Institutional Animal Care and Use Committee approval was not obtained for this study because the data were obtained from previously completed research (M. S. Brown, unpublished data; Ponce et al., 2006; Silva et al., 2006 Silva et al., , 2007 .
A study was conducted to contrast different aspects of statistical analysis of ordinal outcomes commonly encountered in cattle feeding experiments. Estimates of effect and conclusions regarding statistical significance were compared using 5 available data sets from completed experiments, 3 of which were previously reported (Ponce et al., 2006; Silva et al., 2006 Silva et al., , 2007 . All experiments used randomized complete block designs with 2 to 5 treatments and 37 to 99 animals per treatment. For all experiments, the cattle were blocked by BW, randomly assigned to pens, and treatment was randomly allocated at the pen level. Quality grade and YG derived in these experiments served as the ordinal outcomes of interest. Yield grade was calculated using established formulas (USDA, 1997), and ordinal YG was determined by rounding down to the nearest integer value. Marbling score served as the continuous proxy for QG and was defined as 2 = trace, 3 = slight, 4 = small, 5 = modest, 6 = moderate, 7 = slightly abundant, 8 = moderately abundant, and 9 = abundant corresponding to marbling scores ≥200, 300, 400, 500, 600, 700, 800, or 900, respectively.
The analytic approach of interest was the use of ordinal logistic regression (ORDREG) to estimate the relative odds of having a greater YG or QG associated with a given treatment relative to controls. Ordinal regression techniques model cumulative probabilities that a given response (Y) falls within or below a given category (j) for all possible values of j (Agresti, 1996) . The natural ordering of the ordinal outcome is reflected in the increasing probabilities over increasing values of j. For a given covariate (x), the model assumes that the effect (β) is constant for all of the cumulative probabilities. Interpretation of the effect of a covariate on Y is typically presented as an odds ratio (e β ), where e β represents the odds that a 1 unit increase in the covariate will be associated with an increase in Y equivalent to 1 category (e.g., increase from YG 3 to 4). Ordinal regression models can be fit using maximum likelihood methods including random effects using GLLAMM (Rabe-Hasketh et al., 2005) in Stata (Stata Corp., College Station, TX) and PROC GLIMMIX (SAS Inst. Inc., Cary, NC). For the purposes of this study, ORDREG was performed using GLLAMM with block included as a random intercept. Post-hoc predictions of marginal means for the log-odds associated with each level of the treatment variable were derived, and pairwise comparisons were made between treatment groups where the number of treatments was greater than 2.
Three alternative approaches to analyzing ordinal outcomes selected for evaluation were chosen based on methods employed for evaluation of treatment effects on YG and QG in previous reports: 1) comparison of overall and pairwise YG or QG distributions between treatment groups based on a likelihood ratio χ 2 test for homogeneity (LRχ 2 ); 2) comparison of mean QG or YG between treatments using mixed-effects linear regression (LINREG) with block included as a random effect; and 3) QG and YG were dichotomized using cutoffs of Choice or better and YG 3 to 5, respectively, and the effects of treatment were evaluated with GLLAMM including random effects for block, a logit link function, and a binomially distributed error term (LOGREG). Finally, the calculated YG and marbling score, which serve as the latent variables for ordinal derivations, were analyzed as continuous outcomes using mixedeffects linear regression with block as a random effect (LATENT).
For all methods, analyses were performed with available software (Stata 10 MP), and P < 0.05 was used to determine statistical significance. Treatment variables with greater than 2 levels were modeled using indicator variables with controls serving as the referent treatment category. Comparisons of interest between analytical methods included statistical significance and interpretation of main effects.
RESULTS AND DISCUSSION
Generally, there were many similarities in conclusions drawn from the 5 methods of analysis employed to evaluate the effect of treatment on QG and YG distributions (Tables 1 and 2 ). However, it is important to note that the magnitude of the true association between treatment and outcome is unknown for all of these experiments. Therefore, we cannot comment on bias in effect estimates relative to the true association, nor can we conclude whether differences between methods regarding statistical significance based on a P-value represent type I or type II errors. In a separate study (data not shown), statistical power to detect associaAnalysis of ordinal data tions was also evaluated for these methods of analysis and was found to be similar for all methods evaluated.
One of the most obvious differences in the methods employed here is that LRχ 2 does not provide an estimate of effect. Therefore, parameter estimates are not available for prediction of future outcomes, which is an important limitation of this approach. The value of this test is thus largely limited to conclusions regarding statistical significance. In addition, LRχ 2 appeared to be the most liberal with respect to statistical significance (Tables 1 and 2 ). For example, in Exp. 1, the likelihood ratio χ 2 statistic for YG and QG is significant at the P < 0.05 level. However, none of the other methods employed detected a significant difference between treatment groups; this may indicate that LRχ 2 is subject to type I error. Importantly, the LRχ 2 also makes assumptions regarding the frequency distribution within each cell to appeal to assumptions of large sample theory and the central limit theorem that may not be met in some experiments where cell counts are <5. Under these circumstances, exact methods would be preferred. For Exp. 1, the Fisher's exact test P = 0.025, which also supports our concern regarding the potential susceptibility to type I error of contingency table analyses for some experiments.
The conclusions regarding statistical significance were very similar for results obtained through the 4 regression approaches: ORDREG, LINREG, LOGREG, and LATENT (Tables 1 and 2 ). In addition, partitioning of variance for the random effect term applied for the blocking variable was also very similar. The only deviation in direction of effect between the models was observed in Exp. 1 QG analysis where LINREG reported a decrease in QG associated with treatment 2 relative to treatment 1, whereas LOGREG, ORDREG, and LATENT supported an increase in QG associated with treatment 2. The importance of this observation cannot be assessed in this example because the magnitude of effect was close to the null for all regression models and the P value was >0.6 in all 4 models.
A major limitation of LINREG is the assumption that the outcome variable is continuous when in fact it is not. In addition, residuals derived from all linear regression models were not normally distributed (data not shown), an important assumption in these models. Therefore, we would discourage use of this approach, particularly given the availability of alternative approaches that demonstrate what appears to be similar statistical power given P-values reported here and the aforementioned evaluation of statistical power (data not shown). Alternatively, one could attempt to transform the outcome to achieve normally distributed residuals. However, the fact that the ordinal data are not continuous and, by definition, are grouped may reduce the likelihood of identifying a suitable transformation. Analysis of marbling score or calculated YG, if available, using linear regression (LATENT) would be preferred because these are continuous outcomes. Susceptibility to assumptions regarding normality of residuals should also be assessed in these models. We chose to present results from models using untransformed outcomes regardless of deviation of residuals from assumptions regarding normality to facilitate comparison of point estimates. Specific transformations required to achieve normally distributed residuals varied between models (data not shown), thus limiting direct comparison of regression coefficients.
Perhaps the most important difference between the methods employed here for analysis of QG and YG data are the interpretation of results. As stated previously, LRχ 2 offers no direct interpretation other than comment on statistical significance and numerical trends based on visual examination of cell counts or proportions in a contingency table. Odds ratios derived from ORDREG represent the odds of falling 1 category more for the treatment of interest relative to the control. For example, based on results obtained for Exp. 3, we would conclude that the odds of observing a carcass with a QG > j for treatment 3 are 5.23 times greater than the odds of observing a carcass with a QG > j for treatment 1. Importantly, under the assumption of the proportional-odds model, this association holds for all possible integer value of values of QG. In general terms, we would conclude that treatment 3 is associated with greater QG than treatment 1. Regression coefficients from LINREG and LATENT are interpreted as the mean difference in QG (or marbling score for LATENT models) or YG between the treatment of interest relative to the control. For Exp. 2, cattle receiving treatment 3 had a mean QG 0.44 units greater than cattle receiving treatment 1. This may represent a substantial problem in interpretation for studies in which fractions of a QG or YG do not exist as would be the case when the parameters used to derive QG or YG are not recorded. This would not be a concern for models where calculated YG or marbling score serve as the outcomes of interest (LATENT). The results for LOGREG are interpreted as the relative odds of falling in Choice or better for QG or YG 3 to 5 between the treatment of interest and the control. The results from analysis of YG in Exp. 4 indicate that the odds of achieving a YG of 3 to 5 were 0.42 times less in cattle receiving treatment 3 relative to cattle receiving treatment 1. This can also be interpreted as treatment 3 cattle demonstrating 58% less odds of achieving YG 3 to 5 relative to treatment 1 cattle. The necessity to collapse outcomes when using logistic regression restricts the ability to make specific predictions unless analyses are repeated for all possible cut-offs.
An important consideration in all animal science research is the ability to directly apply the results to livestock production. Consideration should be made as to comparability of outcomes used in analysis with economically relevant outcomes in commercial settings. On the basis of statistical methodology and the results of this evaluation, both ORDREG and LATENT would be appropriate approaches to analysis, assuming marbling score and calculated YG were available. A poten- Latent term is observed marbling score.
5 OR = odds ratio calculated as e raised to the power of the regression coefficient.
6 P-value estimated as the probability of observing a Z-score greater than or equal to the observed if the null hypothesis is true.
Analysis of ordinal data Latent term is calculated YG.
tial disadvantage of the LATENT model approach is that despite the identification of statistically significant associations between a treatment and the outcome, it can be difficult to draw conclusions regarding economic impact because carcass value is determined by the categorical classification of calculated YG or marbling score. Small, but significant, effects derived from LA-TENT models may only lead to changes in economic outcomes for those observations close to a defined threshold between ordinal categories. In contrast, the ORDREG method is interpreted directly with respect to those categories that define carcass value. The current study did not evaluate all possible approaches to modeling treatment in this study due to blinding of investigators performing statistical analysis to treatment description. For instance, if the study contained 5 treatments where treatment 1 served as the control and treatments 2 through 5 represented graded increases in a dietary supplement, it would have been possible to evaluate the treatment variable as a continuous variable as opposed to inclusion as indicator variables as described here. Importantly, the statistical methodology can easily be adapted to account for this type of relationship between treatments. However, it is important to note that the assumption in ORDREG and LOGREG models is that the association between a continuous variable and the outcome is linear in the log-odds. Therefore, one must evaluate this assumption by modeling indicator variables before including the treatment condition as a continuous variable in the model. Examining the results for YG in Exp. 2, one could conclude that the associations between cattle in treatment 1 and treatments 2, 3, and 4 approximate a linear trend in the log-odds for ORDREG and LOGREG models.
In conclusion, the results of this study demonstrate the application of ORDREG for the analysis of YG and QG data in cattle feeding trials. This approach generally performs well relative to the alternative approaches examined here that have been used in similar analyses. The availability of commercially available software that can perform ordinal regression including models with random effects for lack of independence attributed to blocking by BW or pen effects provides a readily accessible platform for individuals engaged in this type of research. We submit that the disadvantages in interpretation of contingency tables illustrated in LRχ
